One sentence summary: Comparative genomics is a powerful tool that when incorporated in the design-test-learn (DTL) cycle of microbial engineering could facilitate strain optimization. In this review, we summarized several opportunities for incorporating comparative genomics in the microbial engineering process.
INTRODUCTION
Microbial cells have been used for millennia to produce chemicals of interest to human society (Gibbons and Rinker 2015) . Microbes were first exploited for their natural capabilities fermenting food and beverages (McGovern 2009) , and they remain important contributors to the food and biotechnology industry. During the last decade, myriad metabolic pathways have been introduced into industrially relevant microorganism for the production of heterologous compounds, highlighting the power of synthetic biology to expand the metabolic power of microbes and increase microbes' importance in the industrial setting (Khalil and Collins 2010) .
A major goal is to engineer microbes to make new products (Fortman et al. 2008 ) using renewable, non-food based plant biomass (Ragauskas et al. 2006; Sims et al. 2010) .
Agricultural waste and plants grown on marginal lands provide a rich source of biomass that avoids competition with food crops (Fairley 2011) . Lignocellulosic plant material harbors significant amounts of carbon that microbes can use for fermentation (Perez et al. 2002; Chundawat et al. 2011) . Nevertheless, major challenges exist for engineering microbes to utilize this biomass. First, lignocellulosic material contains a mix of sugars, including pentose sugars that many microbes do not use natively (Aristidou and Penttila 2000; Jeffries and Jin 2004) . Economical conversion of plant biomass will therefore require engineering microbes to utilize all of available sugars. In addition, releasing sugars from the tough lignocellulosic cell wall requires chemical processing, which together with native plant compounds presents a range of toxins that inhibit microbial production (Almeida et al. 2007; Lau, Gunawan and Dale 2009;  Piotrowski et al. 2014) . Thus, successful industrial microbes need to be engineered to produce non-native compounds with high metabolic flux, consume all of the sugar sources in the starting material, and tolerate toxins and industrial conditions. Yet successful engineering of microbes for these purposes remains a major challenge. To date, the production of only a small list of nonnative compounds has reached commercial scale (Nakamura and Whited 2003; Lubertozzi and Keasling 2009; Paddon et al. 2013; Chubukov et al. 2016 ) because most yields remain economically inviable (Van Dien 2013; Chubukov et al. 2016) . Although identifying the minimal gene sets required to produce a new molecule is feasible, understanding how engineered pathways interact with the rest of the cell is much harder and often a bottleneck in strain improvement. Most of the effort improving product yield requires significant stepwise modification in host metabolism, for example, to eliminate competing pathways or increase supply of precursors and cofactors (Nielsen 2001; Keasling 2010; Nielsen et al. 2013) . Furthermore, production of non-native molecules can be toxic to cells, inhibiting growth and decreasing fermentation capacity (Fischer, Klein-Marcuschamer and Stephanopoulos 2008; Ding et al. 2009; Kwok 2010) . A deeper understanding of microbial physiology, metabolism, stress response and the relationship between phenotype and genotype is necessary to decrease the time required to generate industrial strains, and thus increase the number of molecules that can reach commercial scale.
Several strategies have been employed for generating and understanding microbial factories, including metabolic modeling and engineering (Bailey 1991; Stephanopoulos and Vallino 1991; Pharkya, Burgard and Maranas 2004; Patil et al. 2005) , laboratory evolution and characterization (Dragosits and Mattanovich 2013) , and systems and synthetic biology to test and understand outcomes of engineering (Nielsen and Jewett 2008; Otero and Nielsen 2010) . A unifying approach is the design, test, and learn (DTL) cycle, which combines knowledge-based design, experimental testing and model-based learning to understand how engineering strategies impacted the cell, to guide further cycles to achieve higher product yields (Liu et al. 2015) . This continuous cycle is important because simply introducing heterologous pathways rarely succeeds in high-yield production of new molecules. A significant challenge remains understanding and predicting how engineering will affect cells, to minimize the number of DTL cycles required to produce useful microbial factories.
An emerging strategy for both the design and learn steps is incorporating comparative genomics across many microbial strains and species, to rapidly identify design principles and understand consequences of engineering (Fig. 1) . The fast-paced development of sequencing technologies has increased accessibility and affordability of whole-genome and transcriptome sequencing, which has expanded the incorporation of natural genetic variation into industrial strain design and improvement (Hardison 2003) . Recent reviews have highlighted the role of comparative genomics to dissect the link between phenotype and genotype (Nieduszynski and Liti 2011; Liti and Louis 2012) and the role of functional genomic variation from a population and evolutionary perspective (Skelly and Magwene 2016) . Here, we focus on the use of comparative genomics in the DTL cycle for engineering industrial microbes with improved properties, using industrial fungi as examples.
WHAT IS COMPARATIVE GENOMICS?
The field of comparative genomics encapsulates a range of approaches, from comparing genome sequences across strains and species, contrasting genome-wide cellular responses to industry-relevant conditions, and crossing strains to identify the genetic basis of desirable phenotypes. Here, we use the term 'genomics' to capture global approaches that measure output of the genome, including transcriptomics, proteomics, metabolomics and any number of 'omic' descriptors of cellular processes. The power of these approaches is now being applied to industrial strain development, for example, choosing organisms best suited for specific industrial applications, exploring natural genetic variation to understand the effect of industrial conditions on the cell, and expanding the genetic resources to engineer more efficient strains producing a diverse range of products.
Below we highlight several opportunities for incorporating comparative genomics into specific stages of the DTL cycle.
DESIGN: CHOOSING THE RIGHT STRAIN/SPECIES BACKGROUND
Selecting the right host is a first step in any engineering project. Organisms with natural properties related to the target molecule are often first choices, e.g. natural lipogenic fungi for highenergy oil production (Beopoulos et al. 2014; Blazeck et al. 2014; Rutter, Zhang and Rao 2015) or β-carotene producing red yeasts to produce terpenes (Park et al. 2007; de la Fuente et al. 2010; Melillo et al. 2013) . Not all organisms have genetic and molecular protocols developed that allow host modifications; however, the increased attention and exploration of new microbes is expected to help develop novel genetically tractable organisms (Alper and Stephanopoulos 2009) . Beyond choosing the chassis species, carefully considering other desired properties at the outset could implicate which strain within the chosen species is the optimal starting point. For example, choosing the genetic background with the highest tolerance to anticipated industrial conditions or with the greatest natural flux toward substrate molecules can accelerate strain development. Choosing the strain with the most beneficial traits at the outset can minimize the time required to later engineer those traits into the chosen microbial factory.
DESIGN: COMPARATIVE GENOMICS TO IDENTIFY GENES AND PATHWAYS FOR ENGINEERING
The increased number of sequencing projects exploring fungal diversity (Goffeau et al. 1996; Wood et al. 2002; Jones et al. 2004; Pel et al. 2007; Riley et al. 2016) has enabled comparative genomics across species, allowing the identification of new genes, pathways and mechanisms for engineering desirable industrial characteristics. Fungi are at the forefront of comparative genomics because of their manageably sized genomes, useful evolutionary divergence times and wide phenotypic variation (Dujon 2005) . Together, these features maximize the power of phylogenomics, where traits of interest can be mapped onto the evolutionary tree so that genes and genetic sequences that correlate with the phenotypes can be identified. Mapping onto the tree the differences in gene content (gene presence/absence or copy number variation) can reveal patterns of correlation with the desired trait. Tree-based methods can also be used to identify genes whose rates and patterns of sequence evolution differ from the species relationships, in a way that is correlated to phenotypic variation.
Cross-species genome comparison has been used in a variety of applications to discover industrially relevant genes. For example, several studies leveraged the natural capabilities of filamentous fungi that grow on decaying plant matter, by comparing genome sequences to identify enzymes for plant biomass deconstruction (Martinez et al. 2008; Berka et al. 2011; Benoit et al. 2015; Solomon et al. 2016) . Likewise, Sun et al. (2007) compared the genomes of eight different fungi to uncover unique enzymes and the metabolic characteristics that make Aspergillus niger the industry go-to for citric acid production (Sun et al. 2007) . Another example compared genome content across 14 Hemiascomycete fungi to identify genes unique to beetle-associated yeasts that promoted xylose fermentation when introduced into Saccharomyces cerevisiae (Wohlbach et al. 2011 ). Comparing multiple species further aided the identification of underlying regulatory patterns (Martinez et al. 2008 ) and transcriptional responses (Andersen et al. 2008 ) that allow xylose metabolism. Finally, a study by Riley et al. (2016) sequenced and annotated 16 new Ascomycete yeasts. Subsequent comparison across the genomes of 29 yeasts identified new genes and pathways linked to consumption of methanol, glycerol and xylose, as well as the production of esters, organic acids and lipids (Riley et al. 2016) . The power of these approaches will only continue to expand, as more species are sequenced and carefully phenotyped.
DESIGN: GENETIC MAPPING TO IMPLICATE MODIFICATIONS FOR TRAIT IMPROVEMENT
Beyond introducing new genes and pathways, many engineering strategies seek to improve existing traits in a strain. Comparing strains with different phenotypes can readily identify the underlying loci contributing to the trait, known as quantitative trait loci (QTL) (Swinnen, Thevelein and Nevoigt 2012) , through genetic mapping strategies (Fig. 2 ). The implicated loci can then be engineered into strains to improve traits of interest, such as stress tolerance, sugar utilization or metabolic fluxes.
Saccharomyces cerevisiae has been a powerful platform for quantitative genetics, due to the ease of crossing phenotypically distinct strains and mapping of the genetic basis of the phenotype across the resulting segregants (Liti and Louis 2012) ( Fig. 2A) . Meiotic segregants generated from the cross are genetically and phenotypically distinct, since each segregant inherits a different combination of the parental genomes after meiosis. Correlating genotype at different loci with phenotypic differences across the segregants implicates causal genomic regions underlying the trait (Swinnen, Thevelein and Nevoigt 2012) . Traditional genetic mapping techniques known as QTL mapping identify regions of up to several hundred kilobases. Identification of the responsible variant(s) within that region can be laborious if fine mapping through additional crosses is required (Steinmetz et al. 2002; Deutschbauer and Davis 2005) . A more high throughput method known as bulk segregant analysis (BSA) leverages genomic sequencing of millions of pooled segregants that share a trait of interest, to pinpoint the genes and even single-nucleotide variants underlying a trait (Brauer et al. 2006; Ehrenreich et al. 2010; Magwene, Willis and Kelly. 2011) . The pool of segregants is grown under selective conditions (Fig. 2B) . Loci that show a significant change in allele frequency after selection compared to the starting pool are implicated as the causal loci. Because BSA characterizes so many segregants pooled together, the method can often implicate a narrow locus of one or several genes linked to the trait.
QTL mapping has been used extensively to characterize traits with industrial relevance, including tolerance to ethanol (Hu et al. 2007; , acetic acid (Geng et al. 2016 ) and higher temperatures (Parts et al. 2011) . Additionally, this method revealed genetic variants responsible for the unique fermentation characteristics of sake (Katou et al. 2009 ) and wine (Marullo et al. 2007 ) producing strains, and xylose consumption in some S. cerevisiae strains (Wenger, Schwartz and Sherlock 2010) . Exploring phenotypic variation in nature can reveal important clues on how to effectively engineer microorganisms. For example, early efforts to engineer higher ethanol yields focused on deleting glycerol-3-phosphate dehydrogenase, in attempt to prevent carbon from being siphoned from glycolysis to glycerol synthesis. However, these modifications produce growth defects and decreased fermentation rates ; Bjorkqvist et al. 1997; Nissen et al. 2000; Hubmann, Guillouet and Nevoigt 2011) . Instead, Hubmann et al. used BSA mapping to compare strains with naturally different glycerol/ethanol ratios. They identified alleles of three different genes that, when combined, minimized the glycerol/ethanol ratio without compromising other traits (Hubmann et al. 2013) . Incorporating QTL mapping into the DTL cycle can rapidly identify alleles for continued strain improvement. The success of this strategy was demonstrated by Maurer et al. (2017) , who performed QTL mapping to first identify 17 genes that increase tolerance to plant hydrolysate, and then elucidate the most promising combination of variants for improved tolerance (Maurer et al. 2017) .
Unfortunately, QTL mapping has its limitations. First, this strategy is restricted to organisms that reproduce sexually and produce viable offspring. This precludes analysis of industrial S. cerevisiae strains, which often harbor widespread aneuploidy and complex genome rearrangements (Benitez, Martinez and Codon 1996) . Although recent efforts at generating tetraploid intermediates can bypass sterility in some yeast (Schwartz et al. 2012) , this limitation still remains for many species. Another limitation of QTL mapping is that industrial strains harbor genomic regions that may not have been sampled in other genome sequences including those from lab strains (Borneman et al. 2011; Bergstrom et al. 2014; Strope et al. 2015) , which can obscure the causal loci. Interestingly, several of these novel genetic regions play significant roles in providing resistant to conditions found in industrial processes (Argueso et al. 2009; Borneman et al. 2011; Gallone et al. 2016) , highlighting the importance of applying additional strategies to identify strain specific genome content for future engineering.
While QTL and BSA mapping exploit pairs of strains with opposing phenotypes, another approach to explore genetic variation is through genome wide association studies (GWAS) (Fig. 2C) . This approach leverages the broader genetic and phenotypic diversity in a species, by analyzing hundreds or thousands of natural strains instead of variants generated by a single cross (Fig. 2C ). An advantage is that GWAS can uncover genetic contributions that function beyond a single genetic background; however, a challenge is overcoming the statistical hurdle to find significant loci. GWAS is also particularly challenging in cases of high population structure, which has been a limiting factor in previous GWAS in S. cerevisiae (Liti et al. 2009; Schacherer et al. 2009 ). Increasing the number of sequenced strains or generating artificial diversity panels by laboratory crosses can ameliorate these challenges (Connelly and Akey 2012; Ghazalpour et al. 2012) .
In the last decade, the exploration of natural diversity in S. cerevisiae has increased the number of strains available for such studies. Today, there are hundreds of new S. cerevisiae strains with sequenced genomes in fungal stock centers (Liti et al. 2009; Borneman et al. 2011; Bergstrom et al. 2014; Hose et al. 2015; Strope et al. 2015) and hundreds of Hemiascomycete strains and species emerging from sequencing projects (e.g. The 1002 Yeast Genome Project, http://1002genomes.u-strasbg.fr/). Collectively, these studies have reported a wide range of phenotypic and genetic diversity, in some cases with more than 1% pairwise genetic difference among strains (Wang et al. 2012) . Apart from hundreds of thousands of single nucleotide polymorphisms, differences in genome content that include gene copy number variants and strain-specific genes have expanded the repertoire of genetic variants for mapping (Doniger et al. 2008; Liti et al. 2009; Schacherer et al. 2009; Dunn et al. 2012; Cromie et al. 2013; Bergstrom et al. 2014; Hose et al. 2015) . The most important advantage of GWAS is that it is not limited to the well-studied S. cerevisiae, but instead it can be applied to any species with genetic and phenotypic variation. Given the early success of several fungal GWAS studies (Connelly and Akey 2012; Palma-Guerrero et al. 2013; Goncalves et al. 2014; Kang et al. 2016) , and the exploration of fungal diversity (Lane et al. 2011; Jeffares et al. 2015; Freel et al. 2016; de Vries et al. 2017) , GWAS studies are likely to expand.
DESIGN: MULTI-OMIC COMPARISONS TO IDENTIFY GENES AND PATHWAYS FOR ENGINEERING
Other strategies beyond mapping can also implicate genes and pathways for engineering. One approach is to compare and contrast cellular responses across strains with divergent phenotypes, to implicate gene expression patterns that correlate with the phenotype of interest. This approach can be particularly useful in distinguishing which cellular responses are important for the trait and which are not. For example, while global gene expression changes triggered by stress provide a glimpse of the physiologic state, most of the responding genes are not responsible for strain tolerance to the trait, but rather are wired to protect cells against future stress (Giaever et al. 2002; Tai et al. 2007; Berry and Gasch 2008; Jin et al. 2008; Yeger-Lotem et al. 2009) . By comparing and contrasting expression responses in strains with different tolerance levels to a specific stress, it is possible to distinguish gene expression differences that are directly linked to tolerance. This method has uncovered genes whose expression is correlated with, and causal of, increased tolerance to ethanol (Lewis et al. 2010) , lignocellulosic hydrolysate (Sardi et al. 2016) , stress encountered during bioethanol production (Zheng et al. 2013) , differences in nitrogen utilization (Brice et al. 2014; Barbosa et al. 2015) and genes associated with wine yeast fermentation characteristics (Rossouw, Naes and Bauer 2008; Rossouw et al. 2009 Rossouw et al. , 2010 . In several cases, these approaches identified genes whose overexpression improved stress tolerance in multiple strain backgrounds (Rossouw, Naes and Bauer 2008; Lewis et al. 2010; Sardi et al. 2016) .
Comparative multi-omics can also reveal important insights into physiological mechanisms in an industrial setting. In recent work from our lab, we compared the transcriptomic response of six wild yeast strains of varying tolerance to lignocellulosic plant hydrolysate (Sardi et al. 2016) . Correlating the magnitude of expression responses with strain sensitivities to hydrolysate toxins implicated primary cellular targets of toxins, secondary effects of defective defenses and cellular mechanisms of hydrolysate tolerance. Other comparative omic approaches are emerging as powerful experimental strategies for understanding strain differences. Comparative metabolomics has been especially useful in the wine industry, both to identify aromatic volatile compounds and to implicate the cellular mechanisms that produce them (Rossouw, Naes and Bauer 2008; Rossouw et al. 2010; Breunig et al. 2014; Alves et al. 2015) . Combined with genetic mapping (Marullo et al. 2007; Steyer et al. 2012; Breunig et al. 2014; Jara et al. 2014) , these approaches can directly implicate the genes and pathways responsible for metabolic differences.
TEST: THE VALUE OF TESTING IN MULTIPLE STRAIN BACKGROUNDS
After designing and building new strains, the next step of the DTL cycle is to test how engineering has affected cellular output. Characterizing engineered strains can be accomplished by a variety of methods, from simple quantitative measurement of the desired product to more comprehensive analysis of cellular physiology through multi-omic measurements, metabolic modeling and systems-wide analysis. Recent reviews have focused on these methods and their roles in guiding metabolic engineering (Liu et al. 2015; Petzold et al. 2015) . While multi-omic approaches enable detailed measurements of many cellular features, distinguishing primary bottlenecks, secondary responses and inconsequential physiological changes remains a significant hurdle. It is in this light that comparative genomics can provide a powerful handle, by revealing which cellular features correlate with desired phenotypes across strains. Often, researchers compare engineered and parental strains, to implicate how engineering strategies have altered the cell. But expanding this approach to engineering multiple strain backgrounds for subsequent comparative analysis can significantly clarify the results. In the next section, we summarize how comparative genomics can be introduced in the learn phase of the DTL cycle to identify bottlenecks and the effects of genetic background on engineering strategies. An important point with regard to the 'test' phase is that engineering and characterization can be performed in multiple strain backgrounds, to enable comparative analysis in the subsequent learn step.
LEARN: COMPARATIVE GENOMICS FOR MECHANISTIC UNDERSTANDING OF PHYSIOLOGY
The 'learn' phase of the cycle is specifically targeted at learning how the engineering strategy affects the cell. A common approach utilized in the 'learn' phase is to compare engineered strains with the starting parents (Sonderegger et al. 2004 ). This approach is especially powerful in studies that combine engineering with subsequent directed evolution to optimize the trait over many generations of growth (Sonderegger and Sauer 2003; Guimaraes et al. 2008a; Liu and Hu 2010; Parreiras et al. 2014) . Directed evolution is a strategy that relies on repeated growth cycles in selective conditions, allowing cells with novel mutations that are beneficial for growth to become enriched in the culture. This strategy has been used to select a wide variety of industrially relevant phenotypes, including increased ethanol tolerance (Dinh et al. 2008; Stanley et al. 2010) , fermentation of mixed carbon sources (Kuyper et al. 2005; Wisselink et al. 2009; Garcia Sanchez et al. 2010) , osmotic stress resistance (Ekberg et al. 2013) and lignocellulosic stress tolerance (Wallace-Salinas and GorwaGrauslund 2013) among many others. It can be especially powerful in the learn step to compare the omic response of evolved strains with that of the starting strain to see what bottlenecks have been overcome. Particularly powerful is the comparison across a series of strains that emerge at different stages of the evolution and display quantitatively different phenotypes. Sato et al. (2016) evolved a successive series of Saccharomyces cerevisiae strains for aerobic and then anaerobic xylose fermentation, from a hydrolysate-tolerant yeast strain minimally engineered for xylose fermentation (Parreiras et al. 2014) . Genome sequencing coupled with transcriptomic, proteomic and metabolomic profiling revealed a wealth of information about the strains (Sato et al. 2016) . But it was the data comparison across strains that revealed the physiological mechanisms of anaerobic xylose fermentation, driven by multiple epistatic mutations with unexpected connections to iron sulfur biogenesis, mitochondrial processes and stress response pathways that were recently confirmed by a second study (Dos Santos et al. 2016) . Additional studies have utilized this strategy to dissect mechanisms involved in other xylose consumption (Shen, Hou and Bao 2013) , arabinose fermentation (Wisselink et al. 2010) , lactose consumption of engineered S. cerevisiae strains (Guimaraes et al. 2008b ) and increased tolerance of lignocellulosic hydrolysate (Thompson et al. 2016) .
One of the most significant contributions of comparative genomics is to clarify the impact of genetic background. It has long been known that engineering strategies that work in one strain background often fail to produce the same effects in another strain background (Carlborg and Haley 2004; Sinha et al. 2006) . Dealing with genetic background effects therefore remains a major hurdle for strain engineering and improvement, because it directly affects our ability to predict how an organism is going to be affected by engineering modifications (Cardinale and Arkin 2012) . While perhaps laborious, incorporating multiple, distinct genetic backgrounds into the DTL cycle can significantly expand understanding of which engineering strategies are independent of genetic background and which are specific to certain strains. The latter knowledge can be used to dissect the epistatic interactions that give rise to strain-specific differences, deepening our understanding of cellular physiology.
DESIGN 2.0: INCORPORATING GENETIC VARIATION INTO SUBSEQUENT CYCLES
Engineering strains for industrial purposes often requires multiple rounds of learning, reassessment and implementation of additional engineering strategies. Results of comparative modeling can be incorporated into subsequent design cycles. Another useful strategy is to reintroduce genetic diversity in subsequent design steps by out-crossing engineered strains with strains displaying other desired industrial characteristics. In many cases, the resulting progeny display traits that are more extreme than the parental strains (known as transgressive phenotypic variation). Such a strategy was successfully applied to combine multiple traits such as high fermentation yield and stress tolerance (Hou 2009; Wang and Hou 2010; Lu et al. 2012; Snoek et al. 2015) . By introducing new alleles found in nature, industrial strains can acquire higher physiological complexity required for increased stress tolerance, and higher levels of metabolic flux (Plech, de Visser and Korona 2014) .
CONCLUSIONS: THE FUTURE OF COMPARATIVE GENOMICS IN STRAIN ENGINEERING
A major challenge going forward remains the time required to improve microbial strains to the point of economic viability. Incorporating diverse strategies into the DTL cycle, including comparative genomics, will alleviate this challenge. The rapid expanse of genome sequences for newly discovered microbes, coupled with detailed organismal phenotyping, will significantly accelerate the discovery of new genes, pathways and metabolic models. At the same time, comparative multi-omics will uncover regulatory mechanisms across strains and species that will facilitate the rewiring of metabolic flux. As highthroughput and robotic strain manipulation becomes commonplace, the ability to design, build and test multiple genetic backgrounds will become readily feasible. An emerging need will be new tools in comparative systems biology and comparative metabolic modeling, to maximize the information potential that comparative DTL cycles can afford. We believe that this approach-to compare and contrast cellular outputs across multiple engineered strains of diverse genetic background-will significantly expand our understanding of physiology while accelerating strain optimization.
